Abstract-Cross-modal retrieval has become a highlighted research topic for retrieval across multimedia data such as image and text. A two-stage learning framework is widely adopted by most existing methods based on deep neural network (DNN): The first learning stage is to generate separate representation for each modality, and the second learning stage is to get the cross-modal common representation. However, the existing methods have three limitations: 1) In the first learning stage, they only model intramodality correlation, but ignore intermodality correlation with rich complementary context. 2) In the second learning stage, they only adopt shallow networks with single-loss regularization, but ignore the intrinsic relevance of intramodality and intermodality correlation. 3) Only original instances are considered while the complementary fine-grained clues provided by their patches are ignored. For addressing the above problems, this paper proposes a cross-modal correlation learning (CCL) approach with multigrained fusion by hierarchical network, and the contributions are as follows: 1) In the first learning stage, CCL exploits multilevel association with joint optimization to preserve the complementary context from intramodality and intermodality correlation simultaneously. 2) In the second learning stage, a multitask learning strategy is designed to adaptively balance the intramodality semantic category constraints and intermodality pairwise similarity constraints. 3) CCL adopts multigrained modeling, which fuses the coarse-grained instances and finegrained patches to make cross-modal correlation more precise. Comparing with 13 state-of-the-art methods on 6 widely-used cross-modal datasets, the experimental results show our CCL approach achieves the best performance.
I. INTRODUCTION
W ITH rapid development of computer science and technology, multimedia data including image, video, text and audio, has been emerging on the Internet and reshaping people's life. Consequently, multimedia retrieval has been an essential technique with wide applications, such as search engine and multimedia data management. The traditional retrieval methods mainly focus on single-modal scenario [1] , [2] , which provides retrieval results of the same single modality with query, such as image retrieval and text retrieval. Furthermore, some methods attempt to address the retrieval problem where multimedia data exists as tight combination [3] , [4] . But the major limitation of these methods is that the retrieval results must share the same modality combination with user's queries, e.g., retrieving image/text pairs with the query of an image/text pair. They cannot directly measure the similarity between different modalities, which restricts the retrieval flexibility. Cross-modal retrieval is a relatively new retrieval paradigm, which can perform retrieval across multimedia data. For example, if someone is interested in canary, he can submit one image query, and then get relevant multimedia information, including text descriptions, image samples, video introductions, audio clips and so on. Fig. 1 is an example of cross-modal retrieval with image and text. Compared with single-modal retrieval, cross-modal retrieval can provide more flexible and useful retrieval experience to show rich multimedia search results. The key problem of cross-modal retrieval is that the distribution and representation of different modalities are inconsistent, and such "heterogeneity gap" makes it hard to measure the cross-modal similarity.
For bridging "heterogeneity gap", most existing methods are proposed to learn a common space for different modalities. These methods like [5] - [7] aim to project the features from single-modal space into cross-modal common space and get common representation for similarity measure. The common representation is usually generated following principles such as maximizing cross-modal pairwise correlation [5] , maximizing classification accuracy in the common space [8] , etc. According to the different adopted models, existing methods can be divided into two major ways. The first is to learn linear projections in traditional frameworks, like Canonical Correlation Analysis (CCA) [5] and graph-based methods [8] . However, their performance is limited by the traditional framework, which cannot capture the complex cross-modal correlation with high non-linearity. As indicated in [9] , although some kernel based methods have the ability of learning non-linear representation, the learned representation is limited due to the fixed kernel. With the great progress by deep learning in single-modal scenario such as image classification, there arises the second way for common representation learning, which takes DNN as the basic model. These methods take the advantage of DNN's strong ability of non-linear modeling for analyzing complex cross-modal correlation [10] - [12] , which avoid the aforementioned problems of nonparametric models in traditional methods to learn more flexible non-linear representation.
DNN-based methods for common representation learning can be mainly divided into two stages: The first learning stage is to generate separate representation for each modality, and the second learning stage is to learn common representation by exploiting cross-modal correlation. However, in the first learning stage, these methods only model intra-modality correlation to obtain separate representation [13] , but ignore the intrinsic correlation within inter-modality. In the second learning stage, existing methods learn common representation with single-loss regularization [10] , which ignore the intrinsic relevance of intra-modality and inter-modality correlation. Besides, existing methods [10] , [11] only extract separate representation from the original instances, but ignore the rich complementary fine-grained clues provided by their patches. The great progress of fine-grained image classification [14] shows the effectiveness of modeling fine-grained patches that contain discriminative local parts in single-modal scenario. It can also make great contribution to cross-modal retrieval because fine-grained correlation between patches of different modalities can provide more precise and complementary cross-modal correlation to the original instances.
For addressing the above issues, this paper proposes a crossmodal correlation learning (CCL) approach with multi-grained fusion by hierarchical network. Its main advantages and contributions can be summarized as follows:
1) Cross-modal correlation exploiting. In the first learning stage for separate representation of each modality, existing methods [10] , [13] only model intra-modality correlation but ignore inter-modality correlation. Actually, inter-modality correlation can provide rich complementary context to intra-modality one for learning better separate representation. So we employ multi-level association with joint optimization by maximizing intra-modality and inter-modality correlation simultaneously, which can capture the important hints from cross-modal correlation to boost common representation learning. 2) Multi-task learning. In the second learning stage for common representation of different modalities, existing methods only adopt shallow networks with single-loss regularization [9] , [12] , which ignore the intrinsic relevance of intra-modality and inter-modality correlation, so cannot effectively exploit and balance them to improve generalization performance. So we design a multi-task learning strategy to adaptively balance intra-modality semantic category constraints and inter-modality pairwise similarity constraints, and make them mutually boost each other by fully exploiting their intrinsic relevance. 3) Multi-grained fusion. The patches contain complementary fine-grained clues to the original instances, which are ignored by the existing methods [11] , [15] . So we construct a multi-pathway network to fuse the multi-grained information in parallel by modeling the joint distributions, which can exploit and integrate the coarse-grained instances and fine-grained patches to make cross-modal correlation more precise. The main differences between the proposed CCL approach and our previous conference paper CMDN [11] can be summarized as the following three aspects: (1) Our proposed CCL approach jointly employs the coarse-grained instances and fine-grained patches for multi-grained fusion to learn more precise cross-modal correlation and boost cross-modal retrieval. While CMDN only uses the original coarse-grained instances, which ignores complementary fine-grained clues provided by their patches. (2) Our proposed CCL approach adopts a multi-task learning strategy to adaptively balance intra-modality semantic category constraints and inter-modality pairwise similarity constraints. While CMDN only adopts single-loss regularization, which cannot effectively exploit and balance the above constraints to improve generalization performance. (3) Our proposed CCL approach learns the separate representation in the first learning stage through one linked two-pathway network by jointly optimizing the intrinsic intra-modality and inter-modality correlation, which can fully capture these complementary hints simultaneously from crossmodal correlation. While CMDN learns the intra-modality and inter-modality separate representations respectively by two independent networks, which cannot effectively exploit the intrinsic relationship between these two kinds of complementary information. A schematic diagram in Fig. 2 intuitively demonstrates the differences between CCL and CMDN. To the best of our knowledge, the proposed CCL approach is the first to simultaneously model intra-modality and inter-modality correlation in both two learning stages, and employ the coarse-grained instances and fine-grained patches, which can learn more precise cross-modal correlation. Comparing with 13 state-of-the-art methods on 6 widely-used datasets, the effectiveness of our CCL approach is verified from the comprehensive experimental results.
II. RELATED WORKS

A. Traditional Cross-modal Retrieval Methods
As for the traditional cross-modal retrieval methods, one representative method is Canonical Correlation Analysis (CCA) [16] . It is widely used to model the multimodal data [17] - [19] and also has many extensions and varieties [5] , [20] . For Fig. 2 . Schematic diagram to show the difference between the proposed CCL approach and our previous conference paper [11] .
example, Rasiwasia et al. [5] attempt to combine category information with CCA, and Multi-view CCA [20] extends CCA with the third view of high-level semantics. Similar to CCA, Li et al. [21] propose Cross-modal Factor Analysis (CFA) which also models the pairwise cross-modal correlation, but learns the projections by minimizing the Frobenius norm between pairwise data in common space. Ranjan et al. [22] propose multilabel CCA as an extension of CCA, which does not rely on the pairwise correspondence but considers the high-level semantic information in the form of multi-label annotations. Tran et al. [23] embed the projections of visual and textual features into a local context that reflects the data distribution in the common space. Besides, Hua et al. [24] propose a cross-modal correlation method with adaptive hierarchical semantic aggregation, which constructs a set of local projections and probabilistic membership functions for image and text.
More recently, some methods apply semi-supervised learning and graph regularization into cross-modal common representation learning. For example, Joint Graph Regularized Heterogeneous Metric Learning (JGRHML) [25] proposed by Zhai et al. adopt metric learning and graph regularization to learn the project matrices, which constructs a joint graph regularization term using the data in the learned metric space. Joint Representation Learning (JRL) [8] is proposed to construct a separate graph for each modality to learn a common space, which uses semantic information with semi-supervised regularization and sparse regularization. Wang et al. [26] adopt multimodal graph regularization term on the projected data with an iterative algorithm, which aims to preserve inter-modality and intra-modality similarity relationships.
B. DNN-Based Cross-modal Retrieval Methods
Deep learning has shown its strong power in modeling nonlinear correlation, and achieved state-of-the-art performance in some applications of single-modal scenario, such as object detection [27] , [28] and image/video classification [29] , [30] . Inspired by this, researchers attempt to model the complex cross-modal correlation with DNN, and the existing methods can be divided into two learning stages. The first learning stage is to generate separate representation for each modality. And the second learning stage is to learn common representation, which is the main focus of most existing methods based on DNN [10] , [13] . We briefly introduce some representative cross-modal retrieval methods based on DNN as follows:
The Multimodal Deep Belief Network (Multimodal DBN) [13] is proposed to learn common representation for the data of different modalities. In the first learning stage for separate representation, it adopts a two-layer DBN for each modality to model the distribution of original features, where Gaussian Restricted Boltzmann Machine (RBM) is adopted for image instances, while Replicated Softmax model [31] is used for text instances. Then in the second learning stage, multimodal DBN applies a joint RBM on top of the two separate DBNs and combines them by modeling the joint distribution of data with different modalities to get common representation.
The Bimodal Autoencoders (Bimodal AE) [15] proposed by Ngiam et al. is based on deep autoencoder network, which is actually an extension of RBM for modeling multiple modalities. It has two subnetworks to learn separate representation in the first learning stage, and then the two subnetworks are linked at the shared joint layer to generate common representation in the second learning stage. Bimodal AE reconstructs different modalities such as image and text jointly by minimizing the reconstruction error between the original feature and reconstructed representation. Bimodal AE can learn high-order correlation between multiple modalities and preserve the reconstruction information at the same time.
Correspondence Autoencoder (Corr-AE) [10] first adopts DBN to generate separate representation in the first learning stage. And then in the second learning stage, it jointly models the correlation and reconstruction information with two subnetworks linked at the code layer, which minimizes a combination of representation learning error within each modality and correlation learning error between different modalities. Corr-AE, which only reconstructs the input itself, has two similar structures for extension: Corr-Cross-AE and Corr-Full-AE. Corr-Cross-AE attempts to reconstruct the input from different modalities, while Corr-Full-AE can reconstruct both the input itself and the input of different modalities.
Cross-media Multiple Deep Networks (CMDN) (our previous conference paper [11] ) jointly models the complementary intra-modality and inter-modality correlation between different modalities in the first learning stage. It should be noted that two independent networks are adopted in the first learning stage of CMDN. Specifically, Stacked Autoencoder (SAE) [32] is used to model intra-modality correlation, while the Multimodal DBN is used to capture inter-modality correlation. In the second learning stage, a hierarchical learning strategy is adopted to learn the cross-modal correlation with a two-level network, and common representation is learned by a stacked network based on Bimodal AE. The above DNN-based methods have three limitations in summary as follows.
1) In the first learning stage, the existing methods as [10] , [13] only model intra-modality correlation to generate separate Fig. 3 . Overview of our CCL approach with two learning stages: In the first learning stage, we learn separate representation by simultaneously modeling intra-modality and inter-modality correlation, which integrates the original instances and their patches in parallel. Then in the second learning stage, we adopt a multi-task learning strategy to adaptively balance intra-modality and inter-modality correlation, which leads to more accurate common representation.
representation, but ignore the rich complementary context provided by inter-modality correlation, which should be preserved for learning better separate representation. Although our previous work [11] also considers intra-modality and inter-modality correlation in the first learning stage, it adopts two independent networks to model each of them respectively, which cannot fully exploit the complex relationship between intra-modality and inter-modality correlation. While our proposed CCL approach models the two kinds of complementary information by jointly optimizing intra-modality reconstruction information and inter-modality pairwise similarity.
2) In the second learning stage, existing methods learn common representation by adopting shallow network architectures with single-loss regularization [9] , [12] . However, the intramodality and inter-modality correlation has intrinsic relevance, and such relevance is ignored by the single-loss regularization, which leads to inability for improving generalization performance. Multi-task learning (MTL) framework has been proposed to enhance the generalization ability by constructing a series of learning processes, which are relevant to each other and can mutually boost each other. Recently, extensive research works attempt to apply multi-task learning into deep architecture. DeepID2 [33] simultaneously learns face identification and verification as two learning tasks to achieve better accuracy of face recognition. Ren et al. [34] propose Faster R-CNN, which also consists of two learning tasks as the object bound and objectness score prediction, and boosts the object detection accuracy. Besides, a joint multi-task learning algorithm [35] is proposed to predict attributes in images. However, most of the research efforts have focused on the single-modal scenario. Inspired by the above methods, we apply multi-task learning to perform common representation learning. It aims to balance intra-modality semantic category constraints and inter-modality pairwise similarity constraints to further improve the accuracy of cross-modal retrieval.
3) Furthermore, only the original instances are considered by the existing methods based on DNN [10] , [11] , [15] . Although patches have been exploited in some traditional methods as [36] , the accuracies of these methods are limited because of the traditional framework, which cannot effectively model the complex correlation between the patches with high non-linearity. Our proposed CCL approach can fully exploit the coarse-grained instances as well as the rich complementary fine-grained patches by DNN, and fuse the multi-grained information to capture the intrinsic correlation between different modalities.
III. OUR CCL APPROACH
As shown in Fig. 3 , CCL simultaneously models intramodality and inter-modality correlation in both two learning stages, and employs the coarse-grained instances and finegrained patches, which can learn more precise cross-modal correlation.
The formal definition will first be given. The multimodal dataset consists of two modalities with m image instances and n text instances, which is denoted as
Here
denotes the data of image modality, where the p-th image instance is denoted as x
denotes the data of text modality, where the text instance is defined as x
q and the dimensional number d (t) . Besides, the pairwise correspondence is denoted as (x
p ), which means that the two instances of different modalities co-exist to describe the relevant semantics.
A. First Learning Stage: Multi-grained Fusion With Joint Optimization
In the first learning stage, we construct a multi-pathway network, which aims to obtain separate representations from both the original instances as well as their patches of each modality in parallel, and capture intra-modality and inter-modality correlation with joint optimization at the same time.
1) Coarse-Grained Learning With Original Instances:
A two-pathway network structure is adopted to model the image and text instances. First, two types of Deep Belief Network (DBN) [37] are used to model the distribution over the features of each modality, where Gaussian Restricted Boltzmann Machine (RBM) [38] is adopted to model the image instances and Replicated Softmax model [31] is adopted for text instances. We define the probability functions of each DBN as follows:
where the two hidden layers of DBN are denoted as h (1) and h (2) , while v i is for image input and v t is for text input. The outputs of two DBNs can preserve the original characteristic of each modality with high-level semantic information, which are denoted as Q (i) and Q (t) . Then we simultaneously model intra-modality and intermodality correlation by joint optimization for Q (i) of image instance and Q (t) of text instance. Compared with our previous CMDN method [11] , which adopts two independent networks for intra-modality and inter-modality to learn separate representation, a two-pathway network linked at the top code layer is constructed. We minimize the following loss function to jointly optimize the reconstruction learning error and correlation learning error:
where
r denote the reconstruction representations of image and text, and L r in (4) represents the loss of reconstruction learning error, which aims to minimize the L2 distance between the input and reconstruction representation of each modality. L c in (5) is for correlation learning error to minimize the L2 distance between the instances of different modalities. Thus, we can get the coarse-grained representations with both intra-modality and inter-modality correlation for the original instances of different modalities, which are denoted as T (i) or ig in and T (t) or ig in .
2) Fine-Grained Learning With Patches:
We first divide each original image and text instance into several patches. Specifically, we adopt selective search [39] to extract region proposals, which can find the visual objects in the image instance containing rich fine-grained information. For text, the segmentation is performed according to the form of text, where the text is divided into paragraphs, sentences or words. Similar with the original instances, a two-pathway network structure is constructed with two types of DBN adopted over the features extracted from the patches of image and text. For the patches within one original instance, average fusion is adopted to combine their representations obtained from DBN, and the results are denoted as U (i) and U (t) . Then we link the two-pathway network at the code layer, and minimize the following loss function to model intra-modality and inter-modality correlation with joint optimization:
where the loss of reconstruction learning error is represented as L r , and the loss of correlation learning error is denoted as L c . They have similar definition with (4) and (5). Therefore, the fine-grained representations denoted as T
patch are obtained from patches of different modalities, which preserve fine-grained intra-modality and inter-modality correlation.
3) Multi-Grained Fusion: We adopt a joint RBM for each modality to fuse the coarse-grained and fine-grained representations obtained from both the original instances (T
or ig in ) and their patches (T
patch ). And the joint distribution is defined as follows:
where the two types of intermediate representation T 
B. Second Learning Stage: Multi-task Cross-modal Correlation Learning
In the second learning stage for generating common representation, as shown in the right of Fig. 3 , we propose a multi-task learning framework to model intra-modality semantic category constraints and inter-modality pairwise similarity constraints as two loss branches. The former aims to improve the semantic discriminative ability in the high-level common space, while the later can capture the intrinsic correlation between different modalities, which leads to more accurate common representation for cross-modal data.
For inter-modality pairwise similarity constraints, most existing works as [10] , [11] only focus on pairwise correlation with similar constraints but ignore the semantically dissimilar constraints. Thus we model the pairwise similar and dissimilar constraints between different modalities with a contrastive loss, which has the following considerations: Image and text instances with the same label should be similar and the distance between them should be minimized, while on the contrary, image and text instances which have different labels should be dissimilar and their distance should be maximized. Specifically, a neighborhood graph G = (V, E) is constructed in a mini-batch of data for one iteration, where the vertices V represent the image and text instances, and E is the similarity matrix between data of two modalities according to their labels, which is defined as follows:
Thus, the contrastive loss between the image and text pairs is defined to model the pairwise similar and dissimilar constraints as follows: 
then for the negative pair of image s where E(p, q) = 0, the derivative of loss function is calculated as follows:
set to be 1. Therefore, the back-propagation can be applied to update the parameters through the network. Then, for intra-modality semantic category constraints, a classification process is employed to exploit the intrinsic semantic information within each modality, which can classify data of each modality into one of n categories. Thus, we present intramodality semantic category constraints as an n-way softmax layer, where n is the number of categories. Cross-entropy loss is minimized as follows:
where the predicted probability distribution is denoted asp i , and p i is the target probability distribution. By minimizing the above loss function, the semantical discrimination ability of common representation can be greatly enhanced. Finally, we can obtain the accurate common representations denoted as M (i) and M (t) from the outputs of last fullyconnected layer in the multi-task learning network, which can adaptively balance intra-modality semantic category constraints and inter-modality pairwise similarity constraints, and further make them mutually boost each other. For performing the crossmodal retrieval, common representations of each image and text are extracted firstly from the above network structure with the inputs of both original instance and patches, and then the traditional distance metric, such as cosine distance, can be applied to measure the similarity between the instances of different modalities.
IV. EXPERIMENTS
A. Datasets
Wikipedia dataset [5] is the most widely-used dataset for cross-modal retrieval. This dataset consists of 2,866 image/text pairs of 10 categories, and is randomly split following [10] , [11] : 2,173 pairs for training, 231 pairs for validation and 462 pairs for testing.
NUS-WIDE dataset [41] is a web image dataset for media search, which consists of about 270,000 images with their tags categorized into 81 classes. Only the images exclusively belonging to one of the 10 largest categories in NUS-WIDE dataset are selected for experiments following [42] , and each image along with its corresponding tags is viewed together as an image/text pair with unique class label. Finally, there are about 70,000 image/text pairs, where training set consists of 42,941 pairs, testing set is with 23,661 pairs, while 5,000 pairs are in validation set.
NUS-WIDE-10K dataset [41] has totally 10,000 image/text pairs selected evenly from the 10 largest categories of NUS-WIDE dataset, which are animal, cloud and so on. The dataset is split into three subsets following [10] , [11] : Training set with 8,000 pairs, testing set with 1,000 pairs and validation set with 1,000 pairs.
Pascal Sentence dataset [43] is generated from 2008 PASCAL development kit. This dataset contains 1,000 images which are evenly categorized into 20 categories, and each image has 5 corresponding sentences which make up one document. For each category, 40 documents are selected for training, 5 documents for testing and 5 documents for validation following [10] , [11] .
Flickr-30K dataset [44] consists of 31,784 images from the Flickr.com website. Each image is annotated by 5 sentences generated by the crowdsourcing service with different annotators. Following [23] , there are 1,000 pairs in testing set and 1,000 pairs in validation set, while the rest are training set. [45] contains 123,287 images and their annotated sentences. The annotations of images are also generated by crowdsourcing via Amazon Mechanical Turk, and each image is annotated by 5 independent sentences provided by 5 users. Following [19] , there are both 5,000 pairs split randomly as testing set and validation set, while the rest are training set.
MS-COCO dataset
B. Patch Segmentation
For the image, all 6 datasets share the same segmentation method. Selective search [39] is adopted to generate thousands of region proposals for one image. We also consider the criterion of non-overlapping when selecting the image patches. Specifically, we set the threshold of Intersect over Union (IoU) between different patches as 0.7. When the IoU of two patches is larger than 0.7, we discard the smaller one. Finally, the 10 largest patches are automatically selected, which have higher probability to contain visual objects with rich fine-grained information.
Besides, the form of text varies among different datasets, so different segmentation methods are adopted. Specifically, for Wikipedia dataset, each text instance is in the form of an article consisting of several paragraphs. So we split each text instance by the paragraph where each paragraph contains relevant content. For Pascal Sentence, Flickr-30K and MS-COCO datasets, each text instance consists of 5 sentences. Therefore, each sentence that describes the corresponding image is treated as a patch. As for NUS-WIDE dataset and its subset NUS-WIDE-10K dataset, the text instances are independent tags, rather than sentences or paragraphs. We arrange the tags with alphabetical order, and divide each text instance into 4 patches for generality. For the images with less than 4 tags, each annotated tag is regarded as one patch. So in this case, the number of patches is less than 4 for a text instance.
C. Feature Extraction
We extract the hand-crafted features exactly the same as [10] on both the original instances and their patches for fair comparison. For Wikipedia dataset, the image features are 2,296 dimensions, including 1,000 dimensional Pyramid Histogram of Words, 512 dimensional GIST, and 784 dimensional MPEG-7 descriptor. The text feature is 3,000 dimensional bag-of-words vector. For NUS-WIDE and NUS-WIDE-10K datasets, the image feature has totally 1,134 dimensions, which is the concatenation of 64 dimensional color histogram, 144 dimensional color correlogram, 73 dimensional edge direction histogram, 128 dimensional wavelet texture, 225 dimensional block-wise color moments and 500 dimensional SIFT based bag-of-words features. The text feature is 1,000 dimensional bag-of-words vector. For Pascal Sentence, Flickr-30K and MS-COCO datasets, the image feature is the same as Wikipedia dataset with the totally 2,296 dimensions. And the text feature of Pascal Sentences dataset is 1,000 dimensional bag-of-words vector, while for Flickr-30K and MS-COCO datasets, it is 3,000 dimensions. In addition, CNN feature has shown its effectiveness for image representation, so we also use CNN image feature in the experiments. Specifically, the adopted CNN feature has 4,096 dimensions extracted by the fc7 layer of VGGNet [46] for all compared methods on 6 datasets. It is noted that for each dataset, we extract the same type of feature with the same number of dimensions for both original instances and patches.
D. Details of the Network
Our CCL approach has two learning stages as shown in Fig. 3 . In the first learning stage, four two-layer DBN are used to model the image features and text features of original instances and their patches separately. The DBN for image has 2,048 dimensions in the first layer and 1,024 dimensions in the second layer, and the DBN for texts has 1,024 dimensions in both layers. After the two-layer DBN, representations of patches which belong to the same instance are averagely fused to one vector. Then for intra-modality and inter-modality correlation modeling on original instances, the two-pathway network has three layers with 1,024 dimensions linked at the top code layer for joint optimization, which is the same for patches. Finally, we use the joint RBM to fuse the representations of original instance and patches for image and text respectively. The output dimension of joint RBM is 2,048. On the top of joint RBM, a three-layer feed-forward network is used for further optimization with softmax loss, and the dimensional number of each layer is 1,024. The above networks are implemented with deepnet.
In the second learning stage, the multi-task learning strategy is adopted where the network is a three-layer fully-connected network implemented by Caffe [47] . All the dimensional numbers of three fully-connected layers are 1,024. The network adopts different loss functions for intra-modality and inter-modality learning tasks, and the fully-connected layer on inter-modality loss branch has 1,024 dimensions, while that on intra-modality loss branch has also 1,024 dimensions. The parameters mentioned above are for the Wikipedia dataset. For the fact that the dimensions of input features in different datasets are not the same, the dimensional number in the first layer of DBN is adjusted according to different input dimensions, while the other parameters, such as the dimensional number of each layer, remain the same.
E. Compared Methods and Evaluation Metric
We conduct two cross-modal retrieval tasks on Wikipedia, NUS-WIDE, NUS-WIDE-10K and Pascal Sentence datasets following [10] , [11] : 1) Bi-modal retrieval: Retrieving one modality in testing set using a query of another modality, namely retrieving text by image (image→text), and retrieving image by text (text→image). 2) All-modal retrieval: Retrieving all modalities in testing set using a query of any modality, namely retrieving image and text together by an image query (image→all) and a text query (text→all). As for Flickr-30K and MS-COCO datasets, two bi-modal retrieval tasks are conducted following [12] , [19] : 1) Image annotation: Retrieving the groundtruth sentences given a query image (image→text). 2) Image retrieval: Retrieving the groundtruth images given a query text (text→image). We compare our CCL approach with 13 state-of-the-art methods to verify its effectiveness. It should be noted that Flickr-30K and MS-COCO datasets have no label annotations available, so some compared methods cannot be conducted including Multi-label CCA, JRL and CMDN, because they all need category information for common representation learning. This also leads to some changes on the multi-task framework of our proposed CCL approach. For inter-modality pairwise similarity constraints, although these two datasets have no labels available, there still exist co-existence relationship between image and text because each image has its corresponding text description, which forms an image/text pair. So we construct the similarity matrix E as (8) according to the pairwise co-existence. As for the intra-modality semantic category constraints which need labels, we have to drop this part for comparison on these two datasets. In the experiments, our proposed CCL approach and all the compared methods are evaluated by the following steps for fair comparison. (1) Learn projections or deep models for common representation with data in the training set; (2) Convert all data in testing set by learned projections or deep models to common representation with the same number of dimension; (3) Perform retrieval with common representation directly by the same cosine distance.
We adopt the mean average precision (MAP) score as the evaluation metric on Wikipedia, NUS-WIDE, NUS-WIDE-10K and Pascal Sentence datasets, which takes the precision and ranking of the returned retrieval results into consideration at the same time. For a set of queries, MAP score is the mean of Average Precision (AP) of each query. It should be noted that we calculate the results of MAP score on all returned results, which is extensively adopted in cross-modal retrieval task. Besides, we also adopt precision-recall and precision-scope curves on largescale NUS-WIDE dataset for comprehensive evaluation. As for Flickr-30K and MS-COCO datasets, because there are no labels available, the MAP score, precision-recall curve and precisionscope curve are not applicable. Instead, we report the score of Recall@K following [12] , [19] , which includes the recall rate at top 1 result (R@1), top 5 results (R@5) and top 10 results (R@10).
F. Comparison With State-of-the-Art Methods
This part presents the experimental results and analyses on our CCL approach as well as all the compared methods. As shown in Tables I and II, our approach achieves the best results in both bi-modal and all-modal retrieval tasks on Wikipedia dataset with both hand-crafted feature and CNN feature. Some retrieval results are shown by our CCL approach and CMDN in Fig. 4 , from which we can see that our proposed CCL approach can effectively reduce the failure cases compared with other methods. And a few categories in this dataset are difficult to be distinguished due to the high-level semantics such as "history" category, which leads to confusions during retrieval process on both our CCL approach and the compared methods. But our approach still achieves the best retrieval accuracy with the least failure cases. We have also made classification on the failure cases with the following two types: (1) Failure due to the confusion in the image instance, which indicates that small variance between the image instances of different categories leads to wrong retrieval results; (2) Failure due to the confusion in the text instance, which is similarly caused by small variance Fig. 4 . Examples of the bi-modal retrieval results with hand-crafted feature on Wikipedia dataset by our CCL approach and CMDN [11] . It should be noted that, in these examples, the correct retrieval results are with green borders, while the wrong results are with red borders.
between the text instances of different categories. Besides, the results on other 5 datasets with both hand-crafted feature and CNN feature are shown from Tables III to XII. The trends of the results on these datasets are similar to Wikipedia dataset and our CCL approach keeps the best. Also we can observe that the compared methods generally benefit greatly from CNN feature and achieve accuracy improvement. Our CCL approach can stably benefit from CNN image feature and keeps the best among all compared methods. Figs. 5 and 6 show the precision-recall curves and precision-scope curves of bi-modal retrieval task on NUS-WIDE dataset, which can further verify the effectiveness of our CCL approach. As shown from Tables I to XII, our CCL approach keeps advantage with all 13 compared methods on 6 datasets, and the results show similar trends. Among the traditional methods, CFA minimizes the Frobenius norm in transformed domain, KCCA adopts kernel functions, and multi-label CCA considers the high-level semantic information, which makes them perform better than classical baseline CCA. MACC further embeds the projections into a local context based on KCCA. JRL outperforms the above methods by using semi-supervised regularization and sparse regularization. GMM+HGLMM and LGCFL achieve the best accuracies among the traditional methods in most cases, because GMM+HGLMM combines different kinds of Mixture Models to improve sentence representation, while LGCFL jointly learns basis matrices using a local group based priori. As for the DNN-based methods, Multimodal DBN has the worst accuracy among them. It is because only a joint distribution is learned on the top of two-layer DBN for each modality, which focuses more on learning the complementarity between different modalities rather than the correlation across them. Bimodal AE and Corr-AE have better accuracies because they jointly consider the reconstruction information. DCCA extends traditional CCA by maximizing the correlation between two separate networks. Our previous work CMDN achieves the best accuracy among the DNN-based methods because of jointly modeling on intra-modality and inter-modality correlation in both two learning stages. It should be noted that our proposed CCL approach achieves the best accuracy compared with state-of-the-art methods for the following 3 aspects: (1) The multi-grained fusion on both coarse-grained instances and fine-grained patches, while the compared methods only use the original modality instances. (2) The multi-task learning strategy to adaptively balance intra-modality semantic category constraints and inter-modality pairwise similarity constraints, while the compared methods only adopt single-loss regularization failing to effectively exploit and balance the above constraints. (3) Jointly optimizing on the intrinsic intra-modality and inter-modality correlation, while the compared methods ignore the inter-modality correlation in the separate representation learning for the first stage.
G. Experimental Analysis 1) Network and Parameter Analysis:
For the convergence experiments, which are conducted on Wikipedia and NUS-WIDE datasets as examples due to the page limitation, we show the curves of downtrend on the loss value in Fig. 7 to verify the convergence of our proposed approach. We can see that our CCL approach can converge quickly within 2K iterations, which shows its efficiency. For the training details of the network, we conduct the experiments on the effect of some key parameters also on Wikipedia and NUS-WIDE datasets, including learning rate ranging from 1e-2 to 1e-6, and the margin parameter α in the loss function in (9) ranging from 0.5 to 2.5. The results are shown in Fig. 8 . And we can see that our CCL approach gets the best performance at the learning rate of 1e-3 on Wikipedia dataset and 1e-5 on NUS-WIDE dataset, while the results change little from 1e-3 to 1e-6. Besides, the performance is insensitive to the value change of margin parameter. For the parameter size, we conduct experiments between our proposed approach and two best DNN-based methods namely CMDN and Corr-AE with the comparable sizes of parameter space on Wikipedia dataset taking CNN feature as input. Specifically, our CCL approach originally has about 21K parameters, while the CMDN and Corr-AE have about 17K and 10K parameters respectively. So we decrease the size of parameter space of CCL and CMDN, by reducing the number of layers and the number of hidden units on each layer to achieve the comparable parameter size with Corr-AE with about 10K parameters, which is called CCL-small and CMDN-small in Table XIII. The  experimental results are shown in Table XIII . We can see that CCL-small still outperforms CMDN-small and Corr-AE with comparable parameter sizes. It shows that although retrieval accuracy can be improved by increasing parameter size, the size of parameter space is not the key point for the improvement. The effective modeling of intra-modality and inter-modality correlation makes great contribution to the final performance.
2) Execution Time: We measure the execution time for our proposed CCL approach as well as all the compared methods. It should be noted that we measure the training and testing time for different methods without the time for data preprocessing such as feature extraction and patch segmentation. Besides, we adopt small-scale Wikipedia dataset and large-scale NUS-WIDE dataset, and use CNN feature as input. The execution time is recorded on a PC with i7-5930K CPU @ 3.50 GHz, 64 GB memory and one GPU of NVIDIA Titan X with 12 GB memory. The training time is shown in Table XIV. We can see that the training time of all methods increases with the number of training instances increasing, especially for some traditional methods such as JRL and KCCA due to the large amount of calculation on matrix multiplication. Besides, among the DNN-based methods, the training time of Bimodal AE, Multimodal DBN and Corr- AE is close to each other and less than our proposed CCL approach and CMDN. It is because our CCL approach and CMDN have more components to train for different purposes, such as different subnetworks for coarse-grained and fine-grained representation learning and the multi-grained fusion subnetwork in CCL approach, while the compared DNN-based methods ignore the complementary fine-grained clues provided by their patches. On testing time, all the methods including our proposed CCL approach have almost the same testing time on small-scale Wikipedia dataset. While on large-scale NUS-WIDE dataset, the time has some difference mainly because the dimensional numbers of common representation generated from different methods vary greatly, which leads to different costs in distance measurement with the increasing number of testing instances.
From the above results, we can see that the training stage is the key point for our proposed CCL approach to achieve the best accuracy, while it costs little extra time in the testing stage. Tables XV-XVII show the accuracies of our CCL approach and the baseline approaches. CCL (only coarse-grained) means only the coarse-grained original instances are used to generate common representation, while CCL (only fine-grained) means only the fine-grained patches are adopted. Due to only the coarse-grained or fine-grained information is adopted, we drop the joint RBM which is used to fuse multi-grained representation, and the other parts of the network keep exactly the same in our CCL approach for fair comparison. The coarse-grained and fine-grained information can be effectively integrated by CCL approach to make crossmodal correlation more precise, which leads to better accuracy than CCL (only coarse-grained) and CCL (only fine-grained) that use single-grained information merely.
3) Baseline Experiments:
Besides, we also show the baseline experiments to verify the effectiveness of combination of intra-modality and intermodality correlation in the first learning stage. CCL (only intramodality) means CCL with only intra-modality reconstruction learning error L r in (9), while CCL (only inter-modality) means CCL with only inter-modality correlation learning error L c in (9) for separate representation learning. We can see that learning intra-modality and inter-modality correlation simultaneously by joint optimization achieves higher MAP score than learning only one of them, which indicates the complementarity of the two kinds of information, and it can be effectively exploited by our CCL approach to achieve better accuracy.
The above baseline experimental results verify the contribution of each component in our CCL approach. First, intermodality correlation can provide rich complementary context to intra-modality correlation for learning better separate representation, which can capture the important hints to boost common representation learning. Second, fusion of complementary coarse-grained instances and fine-grained patches can lead to more accurate cross-modal common representation.
V. CONCLUSION
In this paper, a cross-modal correlation learning approach has been proposed with multi-grained fusion by hierarchical network. In the first learning stage, separate representation is learned by jointly optimizing intra-modality and inter-modality correlation, which can effectively capture the intrinsic correlation and rich complementary information in different modalities. In the second learning stage, a multi-task learning strategy, which adaptively balances intra-modality semantic category constraints and inter-modality pairwise similarity constraints, is adopted to fully exploit the intrinsic relevance between them. Besides, the coarse-grained instances and fine-grained patches are integrated to make cross-modal correlation more precise. Comprehensive experimental results show effectiveness of our CCL approach compared with 13 state-of-the-art methods on 6 widely-used cross-modal datasets.
The future work lies in two aspects: First, we will focus on learning better fine-grained representation with more effective and precise segmentation methods. Second, we will attempt to apply semi-supervised regularization into our framework to make full use of the unlabeled data. Both of them will be employed to further boost the cross-modal retrieval accuracy.
